Abstract: This study explores the characteristics of spectral change search spaces with a range of factors that may influence binary change detection performancetype of change-enhanced features, number of change-enhanced features, sample size, and land cover change information. An automated calibration model based on an exhaustive search technique was used to create search spaces (i.e., Kappa-threshold surfaces) using single or multiple change-enhanced images. The major characteristics of the search spaces found in this research were: (1) the Kappa-threshold surfaces using single change-enhanced images were unimodal in form but contained small "pits"; (2) the search spaces using multiple change-enhanced images were a combination of "hills," and the optimum thresholds were found either where the tops of hills met or in the middle of the top of one hill; (3) the range in ideal thresholds was typically small compared to the domain of threshold values; (4) the surface was generally skewed toward the direction of no change; (5) at least 200 samples were required to produce stable Kappa-threshold surfaces; and (6) the from-to change information yielding the lowest accuracy was generally critical to identify optimum thresholds in the calibration using all change classes. These findings will help guide the development of automated and efficient search algorithms for identifying the optimum thresholds in binary change detection.
INTRODUCTION
Change detection has been a major research topic throughout the history of remote sensing applications. There are several types of change detection objectives, including identification of changed location (i.e., binary change detection), change classification (i.e., "from-to" change detection), change regression (i.e., the amount of change), and change position (i.e., the change in geographic position). Numerous techniques and methodologies have been developed and evaluated for each category (Ninnis et al., 1986; Lu et al., 2004; Im and Jensen, 2005; Im et al., 2007) . Binary change detection has been adopted in remote sensing applications, especially for planning and management purposes, and/or for applications needing quick products as preliminary output. Binary change detection approaches generally require careful selection of spectral thresholds that discriminate change pixels from no-change pixels (Morisette and Khorram, 2000; Lunetta et al., 2002; Chen et al., 2003; Jensen, 2005; Lu et al., 2005; Im et al., 2007) . Both trial-and-error and optimum calibration approaches for identifying these thresholds have been developed to minimize the burden on the analyst (Im et al., 2007 (Im et al., , 2008 . Im et al. (2007) developed an automated calibration model for binary change detection, overcoming major limitations of the traditional calibration-based approach (i.e., manual testing of discrete thresholds, use of only single change-enhanced images). Multiple change-enhanced images can be used together in the model, generally producing higher accuracy than single change-enhanced images. The objective in this model was to identify the global maxima (i.e., optimum thresholds yielding the highest change detection accuracy). The fundamental calibration model was extended into a computationally efficient approach using heuristic algorithms (Im et al., 2008) . Optimization algorithms such as hill-climbing, simulated annealing, and systematic search were incorporated into the automated calibration model to reduce computational demand. These heuristic methods are particularly important when multiple change-enhanced images are calibrated together.
Calibration-based approaches for binary change detection can be improved if we know the approximate forms of search spaces (i.e., relationship between thresholds and change detection accuracy). For example, if a certain type of change-enhanced image (e.g., change vector magnitude) produces a unique pattern in a search space, it would be much easier to focus on the promising portion of the search space in the search for optimum thresholds, especially when dealing with multiple changeenhanced images. Even heuristic algorithms need knowledge of the search space form to aid in the identification of optimum parameter values. While the spectral space form of fundamental remote sensing features (e.g., red-infrared bi-spectral space) has been long understood, little is known of the temporal search space. From a heuristic search algorithm perspective, the search space form should be expressed as calibration accuracy, such as percentage accuracy of the Kappa Coefficient of Agreement. Many variables may influence the relationship form between optimum feature threshold and accuracy. These variables include sensor types, viewing geometry, spatial resolution, land cover change types, geographic location, reference data (including sample size), change-enhanced features (e.g., change vector magnitude), and the number of features used. Many remote sensing scientists have performed binary change detection, focusing on the method itself (Fung and LeDrew, 1988; Singh, 1989; Gong et al., 1992; Coppin and Bauer, 1996; Lyon et al., 1998; Hayes and Sader, 2001; Chen et al., 2003; Lu et al., 2005) . Fung and LeDrew (1988) , for instance, compared six different accuracy indices in their search for optimum threshold levels in Landsat MSS change-enhanced images and concluded the Kappa statistic was best. The authors did not focus on the form of search spaces and how they may vary with image type or study area.
Few studies have been conducted on the influence of these variables on the optimum threshold identification problem in binary change detection (Im et al., 2008) .
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The objective of this study is to explore the characteristics and sensitivity of search spaces with a range of factors-type of change-enhanced features, reference data sample size, and land cover change classes. The term "search space" will be used throughout to refer to the variation in Kappa accuracy with changes in the threshold values along one or more features for binary change detection problems. This study examined the following four research questions:
• Is there a typical form of the relationship between threshold(s) and change detection accuracy? When using a single change-enhanced image, the relationship (i.e., search space) may exhibit a globally unimodal form. Although some studies (Morisette and Khorram, 2000; Im et al., 2007) have empirically confirmed this, the characteristics of the search spaces were not fully investigated. The present study focuses on calibration using multiple change-enhanced images, which may result in different forms of search spaces.
• How sensitive is the form of the relationship (i.e., search space) to sample size? For example, if a small sample size is used, the "optimum" threshold(s) identified might not be optimum. Is the search for an optimum threshold particularly sensitive to sample size? Will the search space exhibit a coarser (many local maxima) or bumpy form when the sample size is small? We investigated numerous search spaces with different sample sizes using both single and multiple change-enhanced images.
• Is there a minimum sample size required to maintain a stable change detection model? For example, change detection using a small sample size may not be reliable, although it may appear to result in a high calibration accuracy. What is the minimum sample size needed to achieve reliable calibration results using single and multiple change-enhanced images?
• Is the binary change detection performance sensitive to the specific change information? For example, a certain type of change-enhanced image (e.g., change vector magnitude) may be better at detecting vegetation change than other types of images (e.g., band ratio).
STUDY AREA AND DATA
Study Area
Binary change detection search spaces were investigated for two geographic locations using high-spatial-resolution satellite remote sensing data (i.e., QuickBird imagery). Site A is located in Las Vegas, Nevada, representing new building construction in a residential area between two dates. Site B, located in Denver, Colorado, exhibits vegetation change and some new apartments. Together, the two study sites exhibit different land cover change information to aid in researching the fourth research question.
Data Representation
Bi-temporal QuickBird imagery from DigitalGlobe, Inc., obtained on Site B were used for the study (Fig. 1) . Table 1 summarizes the characteristics of the QuickBird data used. The bi-temporal images for each site were coregistered using a Universal Transverse Mercator (UTM) map projection in the WGS84 datum (RMSE less than 0.5 pixel). Relative radiometric normalization was necessary as the change detection methods used compare brightness values of the bi-temporal imagery directly. Regression analysis using several RCPs (radiometric control points) as pseudo invariant features for each study site was performed to radiometrically normalize the imagery.
Four hundred and eighty (480) stratified random sample points were generated for each study site using a sampling tool developed in ArcGIS 9.x visual basic environment (Im, 2006) for use as reference data. "From-to" change information (e.g., from barren land to vegetation) as well as binary change (i.e., change vs. no change) was determined based on visual interpretation of the bi-temporal datasets. Site A contains four change classes: no change, transitional area to building (TB1), transitional area to asphalt (TA), and transitional area to sparsely vegetated area (TV). Site B also contains four classes: no change, transitional area to building (TB2), Fig. 1 . Bi-temporal panchromatic bands of QuickBird imagery for each study site.
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barren land to vegetation (BV), and barren land to transitional area (BT). Except for the no-change class, which contained 240 sample points, each change category contained 80 sample points. Other changes, such as vehicle movement and shadow change, were considered trivial and not sampled.
To investigate effects of sample size on search space forms, the 480 reference samples for each site were sampled to create 16 different subsets containing from 30 to 480 samples. A random approach stratified on each change class (i.e., 50% of nochange class, 16.7% of each change class) with an increment of 30 points (i.e., 30, 60, …, 450, 480) was used to select subsets.
METHODS
Change-enhanced images can be roughly divided into three groups: linear, ratio, and difference (Im et al., 2007) . Values near the higher end of a linear changeenhanced image indicate a high possibility of change while values near the lower end suggest no change, or vice versa. Linear-type images include neighborhood correlation coefficient images and change vector magnitude images (Malila, 1980; Michalek et al., 1993; Im and Jensen, 2005) . Values of a ratio type (e.g., band ratio images) or difference type (e.g., band difference images) change-enhanced image assumes symmetry about either 1 or 0, respectively. For example, values around 1 (e.g., 0.9, 1.1) in a band ratio image indicate no change, whereas values far from 1 (e.g., 0.1, 3) indicate change.
Band difference images (difference type), band ratio images (ratio type), and change vector magnitude images (linear type) were used in this study. Inasmuch as the QuickBird imagery consisted of five bands (four multispectral + one panchromatic image), five-band difference, five-band ratio, and one change vector magnitude images were generated for each study site. Change vector magnitude is based on the Euclidean distance between end points through n-dimensional change space (Michalek et al., 1993; Jensen, 2005) Change vector magnitude = (1) where BV i2 and BV i1 are the brightness values for the band i in dates 1 and 2. Higher pixel values are generally associated with change, while low values represent a greater probability of no change. Because the automated calibration model used employs linear change-enhanced images having higher values associated with no change, a magnitude inversion was performed for the change vector magnitude image of each study site. Consequently, in this inverted change vector magnitude image, higher values represent a greater probability of no change. The automated calibration model based on an exhaustive search technique (Im et al., 2007) was used to create search spaces between thresholds and change detection accuracy. Because this model was based on the exhaustive search technique, it is an appropriate choice for creating continuous surfaces in the search spaces. The model automatically computes three calibration accuracies including producer's and user's accuracies for change, and the Kappa Coefficient of Agreement (κ) in a table as well as in a graphic form. A Kappa coefficient is a statistical measure of agreement between the classified results and reference data by taking into account the change agreement occurring by chance (Jensen, 2005; Congalton and Green, 2009) : (2) where r is the number of classes, x ii is the number of observations correctly classified for a particular category, x i+ and x +i are the marginal totals for row i and column i, respectively, and TN is the total number of observations. This study used the Kappa Coefficient of Agreement (κ) to investigate search spaces.
The model uses several user-specified parameters such as start (initial low value of a threshold), end (last high value of a threshold), and step (increment in the size of a threshold) to search for global maxima (i.e., the optimum thresholds) in the search space. The minimum, maximum, and 1% of the range of image pixel values were used as parameter values in the calibration model for single change-enhanced images (Table 2) . With these parameter values the model required 100 iterations per calibration with a single image. The same parameters (i.e., start, end, and step) were used in calibrating two change-enhanced images together (Table 2) . This required 10,000 iterations per calibration with two images. Calibrations using more than two images were not performed, as this would require one million iterations. For both types of calibrations, a very small step size will always find the global maxima (i.e., optimum thresholds yielding the highest Kappa accuracy) at the cost of processing time. A 1% increment, however, is typically sufficient to explore the fundamental form of change-
image search spaces. The calibrations were performed with a range of sample sizes (i.e., 16 subsets for each site). Figure 2 summarizes the process flow of this study.
RESULTS AND DISCUSSION
Forms of Search Spaces
Selected Kappa-threshold search spaces generated by the calibration model using the single change-enhanced images for each study site are shown in Figure 3 . The a Because difference and ratio types of change-enhanced images assume symmetry, the statistics represent one side of the distribution (i.e., > 0 for band difference images and < 1 for band ratio images). One percent of each range was used as an increment during calibration. Abbreviations utilized for the change-enhanced images are evident in the following examples: B1D = band 1 difference image; B1R = band 1 ratio image; CVM = change vector magnitude image.
band difference images exhibited positively skewed forms of the search space for both sites. For both study sites and for all images, the search space was unimodal.
Interestingly, approximately 50% of the threshold domain for all images and both study sites exhibited very low Kappa values except for the band 4 difference image for Site A. For example, threshold values between 700 and 1500 (i.e., half the threshold range) for band 5 (Fig. 3B ) resulted in Kappa accuracies near 0. The Kappa accuracy using the band 4 difference image varied across the entire range of the thresholds (i.e., from minimum to maximum) (Fig. 3A) . This pattern is different from the form of the search space using the band 4 difference image (i.e., same spectral region) for Site B (Fig. 3F) where one-half of the search space resulted in κ = 0). Based on careful inspection of the distribution and reference data, relatively large variance of spectral change in the near-infrared region, especially due to the TV class for Site A, was a major reason of the pattern, compared to the smaller variance of the spectral change in the same spectral region for Site B. Such large variation of change did not produce a long tail in the search space. However, this pattern was not found in the ratio images. Unlike the band difference images, the search spaces using the band ratio images were sensitive across much of the threshold range (Figs. 3C and 3G ). The band ratio images yielded negatively skewed search space forms, which corresponded to the direction of no change. The Kappa-threshold curves using the change vector magnitude images, like the curves from the band ratio images, were negatively skewed. Approximately 30-50% of the threshold range (i.e., lower values) resulted in κ = 0. These low values correspond to the direction of change. The change vector 
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magnitude image for Site B has a 50% larger threshold domain than the image for Site A, which resulted in a much steeper form of the Kappa curve. For both sites, the change vector magnitude image resulted in the highest Kappa. Table 3 presents the optimum thresholds and Kappa identified using the single change-enhanced images for each site. The band 1 difference images resulted in the smallest optimum thresholds (81 and 53, respectively) for both sites, which were close to the absolute no change (i.e., 0) in the domains. The relatively small radiometric Fig. 3 . Selected Kappa-threshold curves (i.e., search spaces) using single change-enhanced images for each site. The entire 480-point reference dataset was used in the calibration. range of the band 1 images (due to atmospheric scattering) explains the smaller threshold values for these bands. Similar to the band difference images, the band 1 ratio images resulted in the largest optimum thresholds (~0.81) for both sites, which were close to the absolute no-change value (i.e., 1.0) in the image domains.
All the single images resulted in globally unimodal forms of the Kappa-threshold relationship. Coarsely speaking, there was only one maxima (i.e., global maxima) for each Kappa search space defined as a large "hill." Small bumps are apparent in the Kappa curves and will result in local maxima for search algorithms. A unimodal form lends itself to a hill-climbing (or A* algorithm) search technique. The small bumps, however, clearly indicate that a strict hill-climbing search algorithm will not find the global maxima (Im et al., 2008) . In summary, all of the single change-enhanced images resulted in the following common characteristics:
• The relationship between thresholds and change detection accuracy generally shows a distribution skewed toward the direction of no change. This skewness • The Kappa-threshold relationship is globally unimodal for each changeenhanced image, which can be regarded as a "hill," although some small bumps are found in the hill.
There were many possible combinations of the input images (i.e., 11 C 2 = 55 combinations for each site) to perform the calibration model using two change-enhanced images together. It was not necessary to test all combinations. Five sets of multiple change-enhanced images were selected based on the calibration performance using the single images for each site:
• two band difference images yielding the best and second-best single-band performance (i.e., the band 4 difference and band 5 difference images for Site A, the band 3 difference and band 4 difference images for Site B);
• two band ratio images yielding the best and second-best single-band performance (i.e., the band 4 ratio and band 5 ratio images for Site A, the band 2 ratio and band 3 ratio images for Site B);
• one band difference and one band ratio image resulting in the highest Kappa (i.e., the band 5 difference and band 5 ratio images for Site A, the band 3 difference and band 3 ratio images for Site B);
• one band difference image yielding the best performance and a change vector magnitude image (i.e., the band 5 difference and change vector magnitude images for Site A, the band 3 difference and change vector magnitude images for Site B); and
• one band ratio image yielding the best performance and a change vector magnitude image (i.e., the band 4 ratio and change vector magnitude images for Site A, the band 3 ratio and change vector magnitude images for Site B).
The multiple change-enhanced images produced different search space forms compared to the single images. This is because the final conditional statements of the calibration consisted of multiple "AND" functions. For example, a final if-then statement based on two difference-typed images A and B, and the corresponding optimum thresholds of C and D, respectively, would be "if |A| < C AND |B| < D, then assign no-change to a pixel; otherwise assign change to the pixel." The Kappa-threshold search spaces using the band 4 difference and band 5 difference images, and the band 5 difference and change magnitude images for Site A are shown in Figure 4 . Each surface appears as a combination of two hills, which produces a global maxima where the tops of two hills meet (Figs. 4B and 4D ). Based on visual inspection of the search spaces around global maxima, the band 4 difference and band 5 difference images both contributed similarly to identify an optimum threshold location (Fig. 4B) . As compared to a single band, combined use of the band 4 difference and 5 difference images increased the change detection accuracy by 3-4%, while the band 5 difference and change magnitude images just slightly improved the performance (Tables 3 and  4) . Two selected search spaces for Site B are depicted in Figure 5 . The band 3 ratio image was relatively more sensitive in identifying a global maxima than the band 3 difference image (Fig. 5B ) and the change magnitude image.
The Kappa-threshold surfaces using two images (Figs. 4 and 5) were skewed toward the direction of no change, like those using single change-enhanced images. Another six combinations for each study site resulted in similar forms in the search spaces. However, not all of the combinations resulted in optimum thresholds where the tops of two hills met. A few combinations (e.g., band 5 difference and band 4 ratio images) yielded the optimum thresholds in the middle of the top of one hill. This is because the contribution of one image was dominant for identification of the optimum threshold location. In these cases, the use of multiple images might not increase calibration accuracy when compared to the use of single images. A smaller increment (e.g., 0.1% of each range) may improve performance in such cases. Fig. 4 . Selected Kappa-threshold surface (i.e., search spaces) using two change-enhanced images for Site A. The entire 480-point reference dataset was used in the calibration. The x and y axes represent the thresholds and the z axis represents Kappa accuracy.
The use of a single image resulted in relatively high Kappas (e.g., 77-87%). Adding a second image for a cospectral threshold generally provided calibration improvement (< +10%). Even though the threshold of one image is far from the optimum threshold location, the Kappa accuracy may still be high because another threshold of the other image is around the optimum threshold. The locations of the optimum thresholds for the calibration using two change-enhanced images were generally near the optimum threshold for a single image. The optimum threshold in two-image space is generally near the intersection of the two large hills (e.g., Figures  4A, 4C , 5A, and 5C). Consequently, the search spaces using two change-enhanced images can be regarded as globally unimodal forms with many small bumps. However, it should be noted that many threshold choices exist that produce high accuracy in the search space. When extracting only the areas resulting in high accuracy, the surfaces might be seen not as one hill, but many small hills, the local maxima of which (Figs. 4B and 4D) can be problematic to a hill climbing-type search algorithm. A major problem when the automated calibration model was used with multiple change-enhanced images is processing time. Because an exhaustive search technique was used in the model, a smaller step size (increment) would require a long processing time (e.g., 0.1% increment each for two images require one million iterations). The results of this Kappa-threshold search space research suggest a search algorithm may use a computationally efficient initial condition. For example, the entire threshold domains for the band 4 and 5 difference images for Site A need not be examined. Initializing the search start around 200 for the band 4 difference image and around 230 for the band 5 difference image would result in a rapid convergence to the global maxima. This characteristic can be incorporated within an optimization algorithm to find global maxima in a multi-dimensional search space within a very limited time frame (Im et al., 2008) . Fig. 5 . Selected Kappa-threshold surface (i.e., search spaces) using two change-enhanced images for Site B. The entire 480-point reference dataset was used in the calibration. The x and y axes represent the thresholds and z axis represents Kappa accuracy.
The search spaces using more than two change-enhanced images are expected to follow similar patterns to those using two images (i.e., combination of multiple hills). Empirically, two change-enhanced images generally produce higher Kappa accuracy than single images (Im et al., 2007 (Im et al., , 2008 . However, more than two change-enhanced images will not offer significant improvements in Kappa. Because the model uses a series of "AND" functions for multiple images, the calibration performance may be saturated with two or three connectors (i.e., images). In fact, the use of four or five change-enhanced images together did not yield a higher Kappa accuracy in Im et al. (2007) .
Surface Sensitivity to Sample Size
The size of reference sample datasets does influence the localized form of the Kappa-threshold search spaces (Fig. 6 ). Smaller sample sizes (e.g., Fig. 6A ) result in deeper "pits" in the curve. In most of the search spaces using single change-enhanced images with less than 210 samples, such deep pits were commonly seen. In very small sample sizes (e.g., 30) many large "plateaus" on the Kappa curve resulted. The pits found were less than 0.1 Kappa value deep (30 samples) and very shallow (e.g., 0.03 Kappa) for larger (> 120 samples) sample sizes. This pattern was also found in the surfaces using the multiple change-enhanced images. Kappa-threshold surfaces with a range of sample sizes using the band 4 difference and band 5 difference images for Site A are shown in Figure 7 . The surfaces near the global maxima, not the entire domains, are depicted in the figure. Two-image Kappa surfaces near the global maxima varied greatly among the smaller sample sizes (Figs. 7A-7E ). More dynamic changes were found than the single change-enhanced images. Such dynamic changes are commonly detected in the search spaces using the smaller samples (e.g., ≤ 210). When using more than 300 samples, the Kappa surfaces were consistent. Changes between the search spaces using the entire threshold domains were less noticeable based on visual inspection with over 200 samples. In addition, smaller sample sizes produced many optimum threshold locations yielding very high Kappa accuracy, which may result in quite different binary change maps.
The systematic search algorithm developed by Im et al. (2008) adopted a "jump" function to avoid local maxima (i.e., pits). The jump function was associated with the threshold domain and convergence rate, but was constant with sample size. The local maxima problem can be further improved by incorporating the parameters on sample sizes into the algorithm. For instance, smaller sizes would require larger jumps to escape local maxima.
Calibration Stability to Sample Size
The variation of Kappa with a range of sample sizes using single changeenhanced images for each study site is shown in Figure 8 . Smaller sample sizes resulted in greater variation in Kappa accuracy and optimum thresholds. Changeenhanced images yielded relatively consistent Kappa values and optimum thresholds when more than 200 samples were used. The average standard deviation of the Kappa accuracies for the smaller samples (i.e., from 30 to 240) was 0.03, compared to <0.01 for the larger samples (i.e., from 270 to 480) for Site A. Although it is difficult to Fig. 6 . Variations in the search space forms according to the size of reference samples in the calibrations using the band 5 difference image for Site A.
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identify an optimum size of samples for calibration, at least 200 samples would be necessary to produce reliable performance in binary change calibration using single change-enhanced images. Small sizes of samples might produce similar "apparent" accuracy to larger sizes of samples. However, the use of small sample sizes in the calibration may also result in significant errors in the binary change output.
Multiple change-enhanced images resulted in similar variations in Kappa with sample size as single images (Fig. 9) . Considerable variations in Kappa accuracies were noted in the calibrations with less than 150 samples. The average standard deviation of the Kappa accuracies for the smaller samples (i.e., from 30 to 240) was 0.04, while that for the larger samples (i.e., from 270 to 480) was less than 0.01 for Site A. If a finer increment (e.g., 0.1%) were applied with single and multiple changeenhanced images, it may be possible to achieve a higher Kappa accuracy.
To test the stability of the calibrations in terms of accuracy, the 16 sample sizes per site, change-enhanced image, and approach type (i.e., single vs. multiple) were split into two groups: using small samples (30 to 240) and using large samples (270 to 480). Statistical F-tests were conducted to see if there was a statistical difference in Kappa variance between the two groups at a 95% confidence level. In most of the cases (>70%; 16 out of 22 cases), the small sample group resulted in significantly larger variance (i.e., unstable) of Kappa than the larger sample group when calibrating the single change-enhanced images. Similar results were reported for the multiple images approach. All of the cases (100%; 10 cases) resulted in significantly larger variation in Kappa from calibrations using small samples. Statistically larger variances in the optimum thresholds were found in many of the calibrations using the small sample sizes. Such unstable Kappa-threshold surfaces using the small sample sizes were more commonly noted when using the multiple change-enhanced images than the single images (Figures 8 and 9 ; F-test results).
Accuracy and Search Space Form by Change Information
Change detection accuracy may be sensitive to the nature of landscape change (e.g., change to vegetation vs. change to building). The types of change-enhanced images may also be sensitive to the nature of the landscape change. Binary change detection accuracy by change class for each site is presented in Tables 5 and 6 . These accuracies resulted from using all samples (i.e., 480 for each site) in the calibration model with the single change-enhanced images. The TB1 class yielded very high accuracy (> 98%) regardless of the input images for Site A. The TA class also resulted in high accuracy (> 90%) with most of the change-enhanced images. However, relatively modest accuracies (e.g., 71%) were achieved for the TV class in some of the change-enhanced images, such as the band 5 ratio image. Vegetation is usually more responsive in red or near-infrared regions than a panchromatic region. This could influence the change detection accuracies. The band 4 difference and band 4 ratio images resulted in 90% accuracy while the band 5 difference and band 5 ratio images yielded only 76% and 71% accuracies, respectively. All changeenhanced images showed successful performance in the BT class for Site B. Interestingly, the band 4 (near-infrared) difference and band 4 ratio images did not yield higher accuracy in the vegetation-related class (i.e., BV class). This is possibly because the barren land contained some sparse vegetation areas, which reduced spectral difference between the two dates. Band 2 was more important in detecting the BV change class, resulting in more than 90% accuracy. Care must be exercised when attempting to detect a specific land cover change, such as change from barren land to vegetation. For example, the band 5 difference or ratio image (i.e., using the panchromatic bands) is not a good choice for detecting barren to vegetation land cover change for Site B. In general, the band 3 change-enhanced images seemed least influenced by different change information, producing overall good accuracies for all classes of both study sites. The red band might be a better choice than other bands for change detection. Search space forms with different change information are shown in Figure 10 . Although the calibration using the band 5 ratio image with all classes for Site A identified an optimum threshold of 0.732 (Table 3) , the calibration with the TB1 or TA class resulted in an optimum threshold of 0.617 or 0.657, respectively (Figs. 10A and 10B). Interestingly, the calibration with the TV class resulted in an optimum threshold of 0.732 (Fig. 10C) , the same as when calibrating with all classes. This pattern was found in another example for Site B. The calibration using the band 5 difference image with all classes for Site B resulted in an optimum threshold of 110.34 (Table 3) . The calibration with the TB2 or BT class yielded a greater optimum threshold, 186 or 197, respectively. The calibration with the BV class, again, resulted in an optimum threshold of 110.34. These two classes (i.e., TV for Site A and BV for Site B) had the lowest accuracy (Tables 5 and 6 ). The change information yielding the lowest accuracy was critical for identifying an optimum threshold in binary change detection containing all change classes.
The calibration using the change class yielding the lowest accuracy resulted in a different search space form, producing a narrower useful threshold range. For example, only 20% of the entire threshold domain was responsive in the calibration using the band 5 difference image with the BV class for Site B (Fig. 10E) . The TV class for Site A and BV class for Site B (the lowest accuracy) had a smaller spectral change and variance in the change-enhanced images using the panchromatic bands than the other change classes such as TB1 and BT.
SUMMARY AND CONCLUSION
Land cover change was examined in two study sites using single and multiple change-enhanced images (band difference, band ratio, and change vector magnitude) for the purpose of understanding the characteristics of the Kappa-threshold surface. Such an understanding is essential to designing an automated and efficient search algorithm for identifying the optimum threshold parameter values in binary change detection. The results found in this research are:
• The Kappa-threshold curves using single change-enhanced images are generally unimodal in form but contain small "pits."
• The Kappa-threshold surfaces using two change-enhanced images are a combination of two hills, and the optimum thresholds are generally found where the tops of two hills meet, or in the middle of the top of one hill.
• The range in useful thresholds is typically small (< 50%) compared to the entire domain of threshold values.
• The surfaces are generally skewed toward the direction of no change. • The smoothness of the Kappa-threshold surfaces is sensitive to sample size (particularly < 200 samples).
• The change information yielding the lowest accuracy is generally critical to identify optimum thresholds in the calibration using all change classes.
The Kappa-threshold surface was the "search space" for a heuristic search algorithm. Unimodal search spaces, such as using single change-enhanced images, are ideally suited to a simpler search algorithm, such as the hill-climbing, best-first, or A* algorithms. Small, localized maxima abound in curves with smaller sets of training data. A hill-climbing type algorithm would need assistance, such as random or systematic leaps, in "jumping" free from the small pits (Im et al., 2008) . Because the severity of the local maxima is dependent on the sample size, future research could attempt to determine an empirical relationship between the calibration parameters (e.g., "jump" function to escape from pits) and sample size. Thus, the change detection calibration model could itself be calibrated. When calibrating multiple changeenhanced images, more care might be necessary, inasmuch as many plateaus yielding high accuracy exist in three-dimensional search spaces. Im et al. (2009) point out that band difference or ratio images may have asymmetric characteristics due to several reasons, including different atmospheric conditions and Sun-sensor geometry differences between two dates of imagery. Combining such asymmetric characteristics in the automated calibration approach requires additional calibrating time as investigated in Im et al. (2009) . The use of more advanced optimization algorithms (e.g., genetic algorithm) could be investigated to identify optimum thresholds considering the asymmetry of the thresholds in an efficient and accurate manner.
